Background. The important but complicated research questions regarding the optimization of mammography screening for the detection of breast cancer are unable to be answered through any single trial or a simple meta-analysis of related trials. The Cancer Intervention and Surveillance Network (CISNET) breast groups provide answers using complex statistical models to simulate population dynamics. Among them, the MD Anderson Cancer Center (Model M) takes a unique approach by not making any assumptions on the natural history of breast cancer, such as the distribution of the indolent time before detection, but simulating only the observable part of a woman's disease and life. Methods. The simulations start with 4 million women in the age distribution found in the year 1975, and follow them over several years. Input parameters are used to describe their breast cancer incidence rates, treatment efficacy, and survival. With these parameters, each woman's history of breast cancer diagnosis, treatment, and survival are generated and recorded each year. Research questions can then be answered by comparing the outcomes of interest, such as mortality rates, quality-adjusted life years, number of false positives, differences between hypothetical scenarios, such as different combinations of screening and treatment strategies. We use our model to estimate the relative contributions of screening and treatments on the mortality reduction in the United States, for both overall and different molecular (ER, HER2) subtypes of breast cancer. Results. We estimate and compare the benefits (life-years gained) and harm (false-positives, over-diagnoses) of mammography screening strategies with different frequencies (annual, biennial, triennial, mixed) and different starting (40 and 50 years) and end ages (70 and 80 years). Conclusions. We will extend our model in future studies to account for local, regional, and distant disease recurrences.
or unethical to conduct. The Cancer Intervention and Surveillance Network (CISNET) groups were formed to address these challenging questions by complex statistical models that simulate population dynamics. [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] The CISNET simulation model assembly results from relevant meta-analyses and large-scale databases as the input parameters, and yield outputs to answer various questions of interest through intensive computation.
The MD Anderson Model (Model M), 1 of the 6 CISNET breast cancer models, is a Bayesian simulation model. [11] [12] [13] [14] [15] [16] It simulates populations of 4 million women with the age distribution that existed in the United States in 1975. The sample size of 4 million is found to be generally sufficient to give an accurate parameter estimation. For each virtual woman, the model simulates a natural course of her life separate from the possible occurrence of breast cancer. Moving forward in time, in each year, each woman is diagnosed with breast cancer or not, depending on the incidence of the disease for women of her age in that year, whether she had a screening mammogram that year, and her history of mammography. The model keeps track of which women are diagnosed with breast cancer each year and which women die of breast cancer and of other causes. It is implemented as follows. For each virtual woman who is diagnosed with breast cancer, we generate 2 potential death times for her: one due to breast cancer, the other due to all other causes combined. Her breast cancer specific survival time depends on the characteristics of her tumor, the mode of detection, and the treatment she received. Her death time due to all the other causes is simulated by using the life tables obtained from census data. We compare these 2 potential survival times, and use the earlier date as her death time, and record the corresponding cause of death.
The parameters of interest in our model include those that affect the diagnosis of breast cancer and its course once the disease is diagnosed. Treatment parameters include those for the effects of adjuvant treatments, including hormone therapy, trastuzumab, the combination of cyclophosphamide, methotrexate, and fluorouracil (CMF) chemotherapy, anthracycline, and taxanes. For mammography screening, we use a slope parameter to describe the linear changing pattern over time of breast cancer incidence rates in a hypothetical scenario of no screening. Screening-detected breast cancers tend to have earlier stage distributions than clinically detected cases. Besides that, it has been found that, even among cases of the same stage, screening-detected ones have better survival. 17 We use 2 parameters for these ''beyond stage-shift'' effects for tumor stages I/II and stages III/ IV, respectively. We use Bayesian methodology, which is a statistical inference alternative to the classical frequentist method. Suppose we are interested in a parameter u of research interest, which could be, for example, the incidence rate of breast cancer in a specific population, or the hazard ratio of a test drug v. a reference drug. In Bayesian analysis, before we have data for estimating u, we have a prior distribution p(u) for u. This prior distribution can be non-informative (uniform on a specific range) or informative (using historical data). Based on the observed data D, for each value of u, the likelihood function is l(D|u). Then, the principle of Bayesian data analysis is that the posterior distribution of u is equal to l(D|u) p(u), up to the difference of a proportionality constant. All the inference about u, such as its mean and variation, can be obtained from this posterior distribution.
To illustrate our Model, we start by looking at the age-adjusted US breast cancer incidence and mortality rates from 1975 to 2010 ( Figure 1 , solid lines, obtained from the Surveillance, Epidemiology, and End Results (SEER) Program
18
). The incidence rates had been mostly increasing over these years except some decreasing from 2000 to 2010, and the mortality rates had been slightly increasing before 1990 and substantially decreasing after that. What caused these changing patterns? Potential factors include: environmental and lifestyle changes, mammography screening, the use and then halting of menopausal hormone therapy (MHT), 19 improvements in chemotherapy over the years, improvements in hormonal therapies for estrogen receptor-positive and/or progesterone receptor-positive (ER + /PR + , or simply ER + ) breast cancer subtypes, and the discovery of trastuzumab for human epidermal growth factor receptor 2-positive (HER2 + ) breast cancer subtypes. We must consider the effects of these intertwining factors, which started in different years, and work on different subtypes of breast cancer. Thus, it is extremely difficult to determine the effects of all these factors on breast cancer incidence and mortality rates. Together with other CISNET models, we have previously evaluated the relative contributions of screening and adjuvant treatments on overall breast cancer mortality reduction in the US from 1990 to 2000. 11 Here, we update this analysis to the year 2010 and extend to include breast cancer subtypes based on each ER/HER2 subgroup.
This aim of this article is to describe the methodology of our statistical model, not to report research results. The next sections in this article are organized as follows: First, we will briefly describe our modeling procedure, with details deferred the subsequent section, which also illustrates the estimation of relative contributions of screening and adjuvant treatments to mortality reduction. After this, we consider model validation and uncertainty assessment. In the next section, we briefly introduce the comparison and optimization of mammography screening strategies, a task conducted for the US Preventive Services Task Force. And in the final section, we summarize our method, discuss its features, and describe some future research projects.
Modeling Procedure
We briefly describe our modeling procedure in this section and provide details in later sections.
The input of our model consists of 2 parts: known parameters and unknown parameters. The known parameters include the following list, with details described elsewhere 2 , except for point 3, the parameters for which were obtained from the Center Besides the above known parameters, we also used some unknown parameters, shown in Table 1 , to describe the effects of screening and adjuvant therapies. With these input parameters, known and unknown, our modeling proceeds as described below; for ease of understanding, we also illustrate the procedure using a flow chart in Figure 2 .
Step 1: Simulate data under real-world screening and treatment disseminations, and estimate unknown parameters by matching simulated data with SEER summary data.
1.1 For the unknown parameters, specify a prior distribution for each. Then, using a random draw of values from their prior distributions, together with known parameters, generate a data set of 4 million The number of data sets can be increased to provide more accurate and stable estimation. 1.3 For each of the 80,000 data sets, compare the incidence and mortality rates from 1975 to 2010 with SEER data, and accept those that closely match SEER data, with the maximum differences over time less than specific thresholds. The values for the ''unknown'' parameters in these accepted data sets form the posterior distribution of these parameters. If the number of accepted data sets is less than 100, increase the value of 80,000 in Step 1.2 to an even larger number, and redo Steps 1.2 to 1.3.
Step 2: Simulation data again: Using estimated values of ''unknown'' parameters and assuming hypothetical scenarios of interest for screening and treatment disseminations. Use each set of accepted values for ''unknown'' parameters to generate data for scenarios, assuming different screening schedules or different adjuvant treatment patterns, and use these simulated data to compute the resulting incidence and mortality rates for each year from 1975 to 2010. For each assumed scenario, for each year, compute the average or weighted average incidence and mortality rates over the multiple accepted parameter value sets.
Step 3: Answer questions of interest by comparing the results under different hypothetical scenarios of screening and treatment disseminations. Compare the average mortality rates in Step 2 obtained under different scenarios, and use the magnitude of their differences to answer questions regarding apportioning the contributions of screening and treatments to breast cancer mortality reduction from 1990 to 2010, considering the benefits and harm of different screening schedules, and the benefit of different treatment patterns.
The details for the above steps are illustrated through an example in the next section.
Estimating The Contributions of Screening and Adjuvant Treatment to Mortality Reduction
Age-adjusted breast cancer mortality per 100, 000 women in the United States declined from 51. ). It is reasonable to believe that both mammography screening for early detection and improvement in adjuvant therapies have resulted in better survival for women with breast cancer, and thus contributed to these declines. One of the goals of the CISNET Models is to validate this belief by estimating the contributions of these 2 factors. The Chemotherapy CMF HR by chemotherapy CMF u 6 Trastuzumab stages 0-III HR by trastuzumab for cases with stages 0-III u 7 Trastuzumab stage IV HR by trastuzumab for cases with stage IV u 8 Taxanes HR by taxanes u 9 Anthracyclines HR by anthracyclines u 10 Aromatase inhibitor HR by aromatase inhibitors Survival distribution without adjuvant therapies u 11 Baseline survival factor Shift the survival distribution demographic changes in US women over the past 35 years has already been incorporated into all of these calculations. The US census data over the years were used to standardize the incidence and mortality rates in Figure  1 and throughout this manuscript. Therefore, it was meaningful to consider the changing trends over time using these standardized values. Without this standardization procedure, the changing trends seen in raw incidence and mortality rates could be simply due to the shifting of population age distributions. We use input files common to all 6 CISNET breast cancer models. 2 They specify the distribution of ER/ HER2 status by age and stage, the baseline survival function by age, stage, and ER/HER2 status (''baseline'' means for the scenario in which patients did not receive any adjuvant therapy), and mammography screening and treatment dissemination patterns over the years, among many other factors related to breast cancer risks, screening, treatments, and survival. See the cited reference 2 for details. Our Bayesian model includes the parameters in Table  1 . For the parameters that describe the efficacy of adjuvant therapies, we use the results from the Oxford Review to assume their prior distributions. 25 These prior distributions are made less informative than the Oxford Review to allow for a more flexible fitting of the models. Some of the priors are even made flat (uniform) on a specific range, such as from 0 to 0.8.
Using all the above parameters, we conduct simulations. We randomly draw a number for each parameter u 1 , Á Á Á , u J , J = 11, from its prior distribution, and call these J numbers a parameter set. Since we need to perform this random drawing K = 80, 000 times, we denote all these draws by
Thus, we generate 80,000 data sets, with each data set recording information during each year from 1975 to 2010, for 4 million women, starting with the age distribution that existed in the US population in the year 1975. 24 We denote the breast cancer incidence rate in the year 1975 as R 1975 , and use a parameter u 1 for the annual increase in breast cancer incidence in the absence of mammography screening. This may have been caused by environmental and lifestyle changes or other unknown factors not explicitly accounted for in our model. Then, for any year x after 1975, the probability of detecting breast cancer for a breast cancer-free woman who has never received mammography screening is R 1975 + u 1 (x 2 1975) if she has also never received MHT. Otherwise, her chance of having screening-detected breast cancer is double the above probability. 19 This incidence rate is used to generate data for women who never receive mammography screening. We do not use the Age-PeriodCohort (APC) model, which is described elsewhere. 2 We also generate data for scenarios in which women undergo mammography screening. In any year, depending on whether a woman has never been screened in the past 3 years or has been screened annually, biennially, or triennially, we use the corresponding tables obtained from the Center for Disease Control and Prevention and National Breast and Cervical Cancer Early Detection Program to determine that woman's chance of having breast cancer detected by screening mammography. 16 Women receiving screening may also be clinically detected with breast cancer during the interval between 2 screenings. If detected, it is unknown whether this represents an over-diagnosis, i.e., the true disease status is unknown. The computation of over-diagnosis rates by model M is discussed later. If breast cancer is detected for a given woman, depending on whether it is detected by screening or clinical findings, we use our common input files 2 ). Using the corresponding common input files, we also assign the hormone receptor and HER2 status of the tumor, which depends on patient age and tumor stage.
We use separate stage distributions for screening and clinically detected breast cancer. 2, 16 For screeningdetected breast cancer, the benefit of early detection is reflected by the shifted-to-early-stage distribution. Even within the same stage, women with breast cancer detected through screening may have a longer survival than those with clinically detected breast cancer. 16, 17 Table 1 includes 2 additional parameters, u 2 and u 3 , to describe these ''beyond-stage-shift'' benefits for breast cancer of stages I-II and III-IV, respectively. Applying the method by Shen and others, 17 we estimate the beyond-stage-shift benefits using the data sets from the Health Insurance Plan Project 27 and the Canadian National Breast Cancer Screening Study, [28] [29] [30] and then use these estimates as the basis of our prior distributions for these parameters. Through the above simulations to match SEER incidence and mortality data, these prior distributions are updated to become the posterior distributions, which provides all aspects of our final parameter estimation, such as the mean, mode, quantiles, etc.
Our screening and treatment dissemination patterns are obtained from the CISNET common input files. 2 Our model assumes that all women with detected breast cancer receive surgery and radiation. Their adjuvant treatments are determined by the treatment dissemination file. This file specifies, for each treatment, the fraction of women in the population to receive it, depending on their age, tumor stage and ER/HER2 status. After treatments are assigned, their efficacy levels are determined by the parameters u 1
, Á Á Á , u J (k) (which apply to only those women who receive the treatments). These parameters modify the baseline survival function (the survival function without adjuvant treatments). Suppose the baseline survival function is S 0 (t) and a patient receives taxane therapy, then her survival function is S (12u 8 )u 11 (t), where u 8 is the breast cancer death hazard reduction by the use of taxanes, and u 11 is Model M's adjustment made on top of S 0 (t), which is the survival distribution in the absence of screening and treatment, provided by common CISNET input. 2 Here, the notation S 0 (t) is a simplification; it actually depends on the woman's age, tumor stage, ER and HER2 status.
For each data set k with 4 million women, after generating the disease status and survival time for each woman, we plot the breast cancer incidence and mortality rates from 1975 to 2010, and the mortality rates for ER-positive and -negative subgroups from 1990 to 2010. We match these rates against the SEER data counterparts (SEER has ER data since 1990). If the matches are sufficiently close for all years, we accept the parameter set k. Otherwise, we reject it. This is the ''acceptance/ rejection'' method for updating Bayesian posterior distributions. 14, 15 Details about the matching criteria are provided below. The acceptable parameter sets form empirical posterior distributions for u 1 , Á Á Á , u J . They are presented in Figure 3 (dotted lines), together with their prior distributions (solid lines).
We set 2 criteria for a good match between simulated data and SEER data for incidence and mortality rates, respectively. The first is the maximum of the absolute differences between simulated and SEER data over the years 1975 to 2010. The second is the maximum of the absolute differences between simulated and SEER data regarding the slopes of the 5-year incidence and mortality rate changes, from 1980 to 1985, Á Á Á , and from 2005 to 2010. The third is the mortality changing slope of the generated data from 1975 to 1990. For these criteria, we set and adjust boundary values (windows), and accept the simulated data that lie within the specified windows. The half-width for incidence matching window is 12 cases out of 100,000 women, and that for mortality matching is 5 breast cancer specific deaths out of 100,000 women. The half-width for the slope window is 2 cases for incidence, or 2 deaths for mortality, per year among 100,000 women. After applying these criteria, the accepted data sets match SEER data well. The results are reported in Figure 1 , which shows the SEER incidence and mortality rates and their estimators obtained from the simulated data, together with their 95% confidence intervals.
After we determine acceptable values for the parameters specified in Table 1 , we use them to generate data under different scenarios of screening and adjuvant therapy (chemotherapy, hormone therapy and trastuzumab). We use the data generated with our model to evaluate the relative contributions of screening and adjuvant treatments on breast cancer-related mortality reduction in the US in the respective years 2000 and 2010. This task involves simulating breast cancer incidence and mortality data under the 10 scenarios listed in Table 2 . For example, in the first scenario, there is no screening, no Figure 3 Prior (solid) and posterior (dotted) probability density distributions of parameters in Model M. NS, no screening; EffAI, aromatase inhibitors.
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Medical Decision Making 38(1S) chemotherapy, no hormone therapy, and no trastuzumab. Scenario 5 includes screening, chemotherapy, hormone therapy and trastuzumab. Other scenarios are specified by turning on or off some of the screening and treatment options. Then, the difference in the mortality rates for a particular year (such as 2010) between scenarios 1 and 5 is the effects of screening and all adjuvant therapies combined. The benefit of screening alone or its combination with one or more adjuvant therapies can be estimated by looking at the difference in mortality rates under the corresponding scenarios. The above comparisons of mortality rates are completed for the overall breast cancer mortality, as well as the mortality rates attributed to the following 4 subtypes of breast cancer: ER + / HER22, ER + /HER2+ , ER2/HER2 + , and ER2/ HER22. Details of these results will be reported separately, along with that by other CISNET breast models. Using the above simulations and comparing the mortality rates under different scenarios, we estimate that the overall BC mortality reduction achieved by screening and all adjuvant therapies (hereafter simply called ''treatment'') is 39%, that by screening alone is 16%, and that by treatment alone is 27%, resulting in relative contributions of 38% (=16/(16 + 27)) and 62%, respectively. The contributions to mortality reduction by screening and treatment are 17% and 31% for the ER + /HER22 subgroup, with their relative contributions as 35% and 65%, respectively. Listing these contributions as 17 (35%) and 31 (65%), the contributions to mortality reduction by screening and treatments are respectively 11 (26%) and 32 (74%) for the ER + /HER2 + subgroup, 20 (45%) and 24 (55%) for the ER2/HER2 + subgroup, and 12 (50%) and 12 (50%) the ER2/HER22 subgroup. By our modeling, we answer these important questions regarding the contributions by treatment and screening on the breast cancer mortality reduction seen since 1990. These have profound implications on public health policy, screening strategy optimization, treatment dissemination, and health resource allocation. Our modeling approach provides a statistical framework for evaluating public health intervention programs.
Model Validation and Uncertainty
We validate our model in 2 different ways. First, we apply it to the setting of UK AGE trial, a randomized controlled trial of mammographic screening for women aged between 40 and 50 years. 35, 36 Our model yields results that match the observed data in the trial reasonably well. Details about this validation will be reported separately.
7 Second, we cross-validate our model with other 5 CISNET breast models. [3] [4] [5] [6] 8, 9 The above comparisons between the 6 models provide not only cross-validations, but also a measure of uncertainty of the models' results. Besides that, our model itself provides another degree of uncertainty. The Bayesian method, through its posterior distributions, naturally provides an evaluation of uncertainty in the estimation results. Model M gives distribution estimates (as opposed to point estimates only) of treatment effects, mortality reductions, and relative contributions by treatments and screening. We report results that are averages from the posterior samples. The uncertainty on these mean results can be assessed by the quantiles of these posterior samples. 
Screening Schedule Optimization and Estimation of Over-Diagnosis Rates
The US Preventive Services Task Force (USPSTF) asked the CISNET groups to evaluate the benefits and harm of different mammography screening schedules. These schedules include annual, biennial, and triennial screenings, and a mixture or hybrid screening schedule, with varying age ranges for the beginning and end of screening. In these studies, an important assumption is that women diagnosed with breast cancer will receive the best treatment currently available. In other words, we assume perfect treatment dissemination (as opposed to real-world dissemination) when we conduct simulations to evaluate the benefits and harm of different screening strategies. Moreover, we also assume women have perfect adherence to their assigned screening schedules. These results have been reported in a separate publication. A recent topic of interest in the breast cancer community is over-diagnosis of cancers, which was also an important aspect of our report to USPSTF. A potential use of CISNET breast cancer models including Model M is their ability to estimate the rates of over-diagnosis, which is still an open research problem. An overdiagnosis is the detection of breast cancer (DCIS or invasive) that would not have been detected in a woman's lifetime in the absence of screening. Since our model is not a natural history model, we cannot identify overdiagnosis at the individual level, and the computation of over-diagnosis rate is not straightforward. In our screening simulations, when breast cancer is detected in a specific woman, her true disease status is unknown; thus, we cannot determine whether her diagnosis of breast cancer represents a case of over-diagnosis. Our computation of the over-diagnosis rate for a specific screening schedule, such as annual screening, is based on a comparison of the total number of cases between this screening scenario (including both screening-detected and interval cases) and the scenario of no screening. We generate data of 4 million women under each of these 2 scenarios, and denote the total number of breast cancer cases detected as N annual and N ns , respectively. Then, we estimate the over-diagnosis rate as (N annual 2N ns )/N ns . Note that, without knowing the true disease status of each woman, we do not use sensitivity parameters. Our computation of over-diagnosis is based on the above comparison, which may be viewed as using data from a virtual trial randomizing women to receive screening or not.
Summary, Discussion and Future Work
It can be seen from above applications that our Model M, together with other CISNET models, provides a useful tool for answering important research questions related to breast cancer screening and treatment strategy evaluation and optimization. These models are especially useful for situations where clinical trials are either unethical, infeasible, or too expensive.
Contrasting other models, Model M does not make assumptions on the indolent phase (unobservable part) of a tumor's history. These assumptions are not directly verifiable using observed data, so they may be biased. We only simulate the observable part of the history, including tumor detection, treatment, and patient survival. In this sense, our model is an empirical model, not a natural history model. Natural history models assume the tumor status is known during the indolent phase, and use screening sensitivity parameters to determine whether a screening will result in a true-positive or false-negative (when a tumor is present), or use specificity parameter to give a true-negative or false-positive (when a tumor is not present). We do not conduct simulations in this way. We generate incidences according to an incidence table, which specifies the numbers of screening and clinically detected breast cancer cases per 1,000 women under different screening schedules. After a tumor is detected, it will be assigned a stage and ER/HER2 status, and the woman's time to breast cancer death is generated according to the survival distributions that depend on age at diagnosis, tumor characteristics, detection mode, and treatments received.
Another feature of our M is that, while other models take treatment effects as known and fixed parameters, we let these effects be flexible. We use our knowledge on treatment efficacy from meta-analyses of clinical trials to specify a wide-range of prior distributions for treatment effects in the population. Then these wide prior distributions are narrowed down by comparing their resulting mortality rates with SEER data (accepting good matches and rejecting poor matches). It is well-known that the effects of a treatment in the general population may be quite different from its efficacy estimated from clinical trials, due to the eligibility criteria for these trials and many other factors. Simply applying clinical trial results to the general population may cause bias. The advantage of our Bayesian acceptance/rejection method is to let the observed data obtained from SEER determine the treatment effects in the general population.
We will continue to expand our model to include more components and cover broader applications. First, we will evaluate the impact of new molecular pathways and genomic tumor profile-targeted treatment paradigms in the adjuvant setting and at recurrence. Second, we will evaluate the effect of therapeutic advances at recurrence on overall and subtype-specific, disease-free survival and overall population breast cancer mortality, quality-adjusted life years, and costs of care. Third, we will predict the reduction in population-level breast cancer mortality if new therapeutic strategies proven to be effective at recurrence are transferred into the primary adjuvant treatment setting. Meanwhile, we will also continuously update our methodology over time to accommodate these new applications.
